The recent development of Affymetrix chips designed from assembled EST sequences in a wide range of species has spawned considerable interest in identifying single feature polymorphisms (SFPs) from transcriptome data. SFPs are valuable genetic markers which potentially offer a physical link to the structural genes themselves. However, most current SFP prediction methodologies were developed for sequenced species although SFPs are particularly valuable for species with complex and un-sequenced genomes. There is thus an urgent need to establish the sensitivity and specificity of prediction methods. We explored four methods for identifying SFPs from experiments involving two tissues in two commercial varieties of barley and their doubled-haploid progeny. The methods were compared in terms of the SFPs predicted and their ability to identify known sequence polymorphisms in the features, to confirm existing SNP genotypes and to match existing maps and individual haplotypes. We identified >4000 separate SFPs which accurately predicted the SNP genotype of over 98% of the DH lines. These SFPs were highly enriched for features containing sequence polymorphisms but all methods uniformly identified a majority of SFPs (~64%) in features for which there was no sequence polymorphism while 5% mapped to different locations. These results indicate that 'SFPs' mainly represent polymorphism in cis-acting regulators. All four prediction methods are highly efficient and robust at predicting markers for the purpose of genotyping and gene mapping but the source of the polymorphisms, whether true SFPs or simply expression markers should be treated with considerable caution.
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INTRODUCTION
Several recent studies have explored the possibility of using transcript abundance data from cRNA hybridizations to Affymetrix micro-arrays (Affymetrix, Santa Clara, California) to reveal genetic polymorphisms that can be used as markers to genotype individuals in mapping populations (Borevitz et Alternatively, if the two individuals produce the same amount of mRNA but contain a genetic polymorphism within their DNA which coincides with one particular feature (or features if they overlap), this may also give rise to differential hybridizations but now confined to that feature alone. Such differences have been termed single feature polymorphisms (SFPs) (Borevitz et al 2003) . The third and probably most frequent possibility is that the individuals differ both in gene expression and in one or more feature polymorphisms. Thus, in principle, it is possible to explore both general expression effects and specific SFP polymorphisms using the same data set. The former could be the result of genetic polymorphism in that gene or in a trans-or cis-regulator which affects transcription, while the second is most likely, though not exclusively, due to polymorphism in the gene itself that affects hybridization success. Some of these expression differences and SFPs may be distributed bi-modally in a population and hence can be "Mendelised" as genetic expression markers (GEMs) or SFP markers respectively (West et al 2006) .
The ability to recognize SFPs reliably for a large number of genes opens up the possibility of carrying out expression QTL (eQTL) studies ('genetical genomics' (Jansen and Nap, 2001; Brem et al 2002; Schadt et al 2003; Morley et al 2003; Mehrabian et al 2005) while simultaneously genotyping 'immortal', bi-parental populations such as recombinant inbred or doubled haploid lines (RILs or DHLs). Much of the previous work on genetical genomics has been based on sequenced and well characterized model species such as yeast, mouse and
Arabidopsis (Brem et al 2002; Borevitz et al 2003, Bing and Hoechele, 2005; Bystrykh et al 2005) . In these cases the features on the chip are frequently based on the gene sequence of one of the parents while the physical and genetical chromosomal locations of these genes are precisely known. The location of eQTL can then be compared with the gene location to distinguish cis-and trans-regulated genes. Genetical-genomics approaches have also been applied to other species for which marker genotypes of the population (RILs, DHLs, etc) are known, so allowing eQTL studies to be performed (Jansen and Nap, 2001 (Winzeler, 1998) . The technique has been successfully employed to identify and genotype genetic markers across the whole genome of budding yeast (Brem et al 2003; Steinmetz et al 2002) . Borevitz et al. succeeded in employing the approach to identify the polymorphism embedded in single probe sequences in more complex species such as Arabidopsis thaliana and termed them 'Single Feature Polymorphism' (Borevitz et al 2003) . The idea was extended to hybridize cRNA to expression microarrays for detecting SFP markers in barley (Cui et al 2005; RNA was isolated, processed and hybridized to the Barley1 GeneChip (complete description and references at http://www.affymetrix.com/products/arrays/specific/barley.affx Affymetrix product #900515 GeneChip® Barley Genome Array) using previously described Trizol procedures (Caldo et al 2004) . The labelling, hybridization and GeneChip data acquisition were conducted at the GeneChip facility at Iowa State University, USA (http://www.biotech.iastate.edu/facilities/genechip/Genechip.htm). Forty one Affymetrix Barley1 GeneChips were allocated to the 'trial set' for each tissue. For simplicity these two tissues will be referred to as 'Leaf' and 'Embryo' in the text.
Altogether there were 22,840 different probe sets on every chip. Each probe set was represented by 11 features (each of 25bp oligos) present both as a perfect match (PM) and mismatch (MM), giving a total of 501,622 probe-features.
Data access: All detailed data and protocols from these experiments have been deposited in BarleyBase/PLEXdb (http://barleybase.org; http://plexdb.org/), a MIAME-compliant expression database for plant GeneChips (Shen et al 2005) . Data files have also been deposited in ArrayExpress (http://www.ebi.ac.uk/arrayexpress) as accession number E-TABM-111 (leaf) and E-TABM-112 (embryo).
Sources of check data:
Tests of the accuracy and reliability of the SFP predictions were made using two sources of data derived from a recently developed Barley SNP Database . Partial DNA sequence was available for a sample of 518 genes on the Affymetrix chip for both parents, St and Mx. These provided SNP information upon which the set of 129 DH lines, including our subset of 35, were genotyped. This sequence information also allowed us to identify individual oligonucleotide probes on the Affymetrix chip which contained sequences which differed between St and Mx. There were 167 features out of 5698 (518 genes x 11 features) that contained a SNP and these came from 123 genes.
Of these genes, 95 had just one feature containing a SNP but some had two or more (e.g. one had 9 and 2 had 5). ξ is the abundance parameter of the transcript. Thus, the expected difference between the perfect-match and mismatch intensities has the form: 
ANALYTICAL METHODS
Equation (2) One of the important features revealed by this model is that the difference between the PM and MM hybridization intensity values is largely determined by the match between transcript and probe sequences at the nucleotide where the two (perfect and mismatch) probe sequences differ. This is useful for the present analysis in at least two respects. Firstly, it holds regardless of whether the transcript sequence perfectly matches either of the probe sequences.
Secondly, variation in the PM-MM difference is largely explained by the extent to which the transcript sequence matches either of the two probe sequences at the nucleotide site where the two probe sequences differ. Thus, this information can be used in the following analysis.
We consider two genotypes, Mx (Morex) and St (Steptoe). A general form for the difference between PM and MM hybridization intensities at the j th probe for gene i can be written as
with X = Mx or St and ε ij being a normally-distributed residual variable. In the design of the expression experiment described above, there are three (replicate) expression profiles for each of the two parental genotypes. The parameters in equation (3) x that exclude j * and do not satisfy the inequality for a prior given constant λ. It can readily be seen that inference of the SFP candidates has effectively avoided the influence of differential expression level between the two genotypes.
In order to integrate expression data from the doubled haploid lines into further confirmation and prediction of genotypes of the candidate SFPs diagnosed from the above, we consider the following three different forms of transformation:
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For those species such as yeast considered by Ronald et al (2005) , perfect-match probe sequences are known to exactly match their corresponding transcript sequences in one of the parental strains from which the segregating population was created. In the standard strain, Zhang et al (2003) for details). Together with * N , the nonspecific binding parameter, and B, the constant background parameter, equations (5)- (6) involve a total of 82 unknown parameters to be estimated from n × 11 perfect-match intensity values and probe sequences for each of the arrays in question by minimizing the so-called fitness function
where n is the number of genes interrogated. Ronald et al (2005) compared / ij ij I I of a yeast strain against that of the reference yeast strain. Significance of the comparison was taken as evidence to support inference of SFP associated with the probe.
Method 3:
This was first proposed by Winzeler et al (1998) to identify SFP from genomic DNA microarrays. Constancy in abundance of molecules interrogated for all genes is probably the most distinct feature of genomic DNA microarray data when compared to RNA microarray data. However, the two methods share a common principle in screening SFP, i.e.
identification of the probes whose signal intensities contrast with the uniformity between the two genotypes for the remaining probes in the same set. The method would be appropriate to survey SFPs at least for those genes whose expression is not so different that the effect of the SFP associated probe will be hidden by variation in gene expression between the two genotypes. Thus, an obvious risk of using this method to predict SFPs is that genes differentially expressed between two genotypes are likely to be predicted as SFP associated genes even though there is no genetic polymorphism in the coding sequence of the genotypes. A detailed description of the method can be found else where (Brem et al 2002) . standard deviation of cluster j. We used a z i ≥ 2.576 (P≤0.01) to indicate 99% probability that probe i does not belong to the other cluster, otherwise it is treated as a missing datum. This is repeated for all members of both clusters and the total number of missing data calculated. We only accepted those probes which had no more than one missing individual out of 36 and for which the parents were consistently different in all three replicates. genes for which SNP data were available and all matching genes identified. The numbers of matching genes and features for the three methods and tissues are given in Table 1 for the 30 DH lines. The genes sequenced for SNP identification represent only 2.3% of the genes on the chip (518/22,801), therefore we would expected this same % of matching genes if the prediction methods were identifying SFP containing genes at random. Table 1 shows that, in fact, they identify between 29% and 53% of the SNP bearing genes.
A more useful test of the accuracy of the SFP predictions is the extent of their agreement with the known SNP genotypes of the DH lines using those features/genes shown in Table 1 . The predicted DH genotypes (St or Mx) for each of these identified SFPs were compared with the corresponding SNP genotypes for the same genes using two criteria; (A) the % of the possible 30 DH genotypes predicted (for some features the genotype can not be unambiguously determined in certain lines) and (B) the % of these predictions that agree with the SNP genotype. These values were computed for all SFPs predicted by each method on both tissues.
When we looked at the accuracy of these initial SNP genotype predictions across methods and tissues we found the following classes: (i) 40% of SFPs matched all the DH SNP genotypes exactly, (ii) 21% failed to match between 3.3 and 10% (i.e. 1-3 wrong out of 30), (iii) 11% failed between 10% and 19.9% while (iv) 28% incorrectly predict ≥ 20% of the DH genotypes.
This supports the view that the class (iv) and possibly class (iii) SFPs are due to variation in trans acting factors and are probably gene expression markers. Thus, 61% of SFPs (groups i
and ii) are probably due to polymorphism in the gene itself or a closely linked regulator, while 28% to 39% are due to different, loosely linked genes, of indeterminate origin. We removed the class (iv) genes from the next stage of the analysis, on the grounds that they were probably not erroneous genotype predictions but instead were genuine polymorphisms, albeit in different genes such as trans-acting regulators. However, we consider them again later.
Using prediction criteria A and B above, we explored how the success rates varied as more stringent significance thresholds were used to assess the SFP predictions. Each method provided a P value based on the discriminant function for every SFP prediction and the predictions were sorted against these P values. We then asked the question, "If we choose all predictions with a P ≤ P T , (where P T is a given threshold) what are the overall success rates of the predictions?" Plots of these success rates (3 methods and 2 tissues) for varying P T values are given in Fig 1. They show that all 3 methods rapidly approach very high success rates for both criteria, although Method 1 is more conservative in terms of numbers of SFPs predicted.
At a threshold of P≤ 10 -18 , all methods are predicting ~98% of the genotypes with ~99% accuracy which is more than comparable to many conventional marker based methods. At a lower threshold of P≤ 10 -15 , the prediction rate drops to about ~95% but accuracy is still high at ~98%. We decided to use the more stringent threshold for all further analyses.
We looked at all predicted SFPs (including the putative SFP predictions) at this stringent threshold and checked the accuracy with which they predict the SNP genotypes of the 30DH lines as we did above. We found that the overall proportion of genes that disagreed with the SNP genotypes by more than 10% across all 3 methods and both tissues was entirely consistent at ~6% (χ2 [5df] =7.75, P=0.17), less than a third of those predicted earlier before we applied the threshold. Thus, 94% of SFPs co-segregate well with their SNP while 6% do not.
Using the available partial sequences of 518 genes in St and Mx together with the known sequence of all 11 features on the Affymetrix chip for these same genes, it was possible to explore the overlap between the predicted SFPs and identifiable differences in the sequence of these features between St and Mx. The results of this comparison are shown in Table 2 .
Partial sequences were available for 518 genes for both St and Mx and these sequences fully overlap 4680 features present on the Affy chip; 82% of all possible 5698 (= 518 x 11) features. Of these 4680 'informative' sequences, only 167 (4%) actually contained a sequence difference between St and Mx ( Table 2 , column 2). We now look at the probes predicted (at -18 ) to contain SFPs by each of the three methods in both tissues and which also overlap the set of 4680 informative features (Table 2) . We find complete consistency in the proportion of SNP bearing features identified (χ Predictions based on whole data set: The total numbers of SFPs matching the two thresholds are shown in Table 3 for each method and tissue separately, together with the total number predicted initially. All methods are predicting a large number of SFPs, but Method 2 always predicts the most while method 1 is more conservative. Because we had shown above that Methods 1 to 3 were entirely consistent in their predictions based on SNPs and on feature sequence, we combined the predictions across methods and, where the same gene had been predicted by more than one method, we chose the one with smallest P value. This resulted in identifying between 1853 to 4374 unique SFPs depending on tissue and threshold (Table 3 ).
P≤10
The number of genes detected as containing SFPs which are common to the three methods for all predicted probes and under the two thresholds are illustrated in Fig 2. It shows quite clearly that Method 2 alone accounts for most of the total SFP containing genes (80% to 85%, depending on the tissue or threshold), while Methods 1 and 3 lag considerably behind.
If we consider combining two methods, then M2 + M1 or M2 +M3 raise the total percentage of genes identified to the mid to high 90s. However, given that method 3 involves considerably more computer space and time, it would appear that it makes practical sense to combine the predictions of Methods 1 and 2 which together identify between 91-97% of possible informative genes.
Many genes (42%) are common to the two tissues when we pool all methods and identify unique probe sets. However, there are many more unique SFPs identified for the embryo tissue (49% vs 9% for the leaf tissue) at a threshold of P≤ 10 -18 . At this threshold, 91% of all SFPs (3282) were identified in embryo tissue, 14% of all genes on the chip.
The final two approaches to verifying the SFPs involved mapping them and constructing haplotypes (graphical genotypes) for all chromosomes of the 30 DH lines. These were compared with those from the corresponding 'gold standard' obtained from SNPs. We combined the genes and features, together with their SFP genotype predictions, identified by all methods, which had a P ≤ 10 -18 . Where there were several probes from the same gene or duplicate features in this list, we selected the single feature from each gene across all methods with the smallest P value. This yielded 1853 and 3283 unique genes from leaf and embryo respectively (Table 3) . We attempted to map these using the small population of 30 DH lines, deliberately using a different subset of genes for leaf (1853) and embryo tissue (1754) of which 1504 and 1523 respectively mapped successfully; the ~16% with mapping problems is typical of such a small mapping population. Of these, ~62% co-segregated largely because of the small population, but over 400 individual marker 'bins' were mapped for each tissue (Table S2 in Additional files).
We added 21 SNP markers that had previously been mapped on a population of 129 St x Mx DH individuals to these sets of SFP markers to act as anchors for identifying and orientating each chromosome. The total map length of the 7 barley chromosomes was estimated as a little over 1100cM (Kosambi) with comparable lengths for individual chromosomes from both tissues (Table S2) Finally, we used Method 4, which makes no attempt to separate GEMs from true SFPs, as a control against which to compare the other three methods. Methods 1 to 3 were combined for this comparison because they were consistent in their ability to identify SFPs as judged by their match to SNP genotypes and to known feature polymorphisms, and unique SFPs were identified. The predictions from Methods 1 through 3 (test set) versus Method 4 (control) are shown in Table 4 . We see that the relative numbers of polymorphisms detected in leaf and SFPs and GEMs with a large proportion of GEMs. This is a reflection of poor performance of Methods 2 and 3 in separating true SFPs from GEMs. However, it should be noticed that Method 1 conferred an improved resolvability in separating the SFPs from GEMs because it identified the most genes but far fewer features per gene than the other methods.
DISCUSSION
We have attempted to test the principle that useful gene-based molecular genetic markers could be easily and reliably obtained from expression data even in non sequenced species using populations for which the chip features were not specifically designed. The availability of such an approach has wide value in genetical analysis of crop and ecologically important plants, some farm animals, and also in complementing information available in sequenced model organisms. It is particularly useful in supporting genetical genomic analyses.
Method 1, developed in this paper, differs methodologically in several respects from its rivals in the earlier and most recent literature on the subject. Firstly, the method has made proper use of information extractable from Affymetrix expression microarrays without relying heavily on the match between transcript and probe sequences as in Ronald et al (2005) . The latter requires prediction of PM hybridization intensity for every probe interrogated on the arrays from their sequence information through the PDNN model (Zhang et al 2003) .
Obviously, an accurate prediction of the PM intensities is the basis for an accurate diagnosis of SFPs and in turn reliable genotyping at the SFPs. The less well a transcript sequence matches its probe counterpart, the more seriously the prediction will be biased and hence the greater risk of a false SFP prediction. Furthermore, the PDNN model, which involves as many as 82 unknown parameters, might be recognized as far less robust statistically than the multiplicative model depicted in equation (3) of this paper. Secondly, Method 1 was developed to distinguish variation in the hybridization intensity due to genuine sequence polymorphism from that due to differential gene expression. This is particularly important for an accurate assessment of expression level of a gene by removing probe(s) that contains SFPs and also for effectively avoiding potential autocorrelation between SFP detected within a gene and expression of the gene. Thirdly, instead of using PM information alone (Cui et al 2005; Ronald et al 2005; West et al 2006) , diagnosis of SFPs and prediction of genotypes at the SFP markers was based on the differences between PM and MM intensities based on the multiplicative model that has proved adequate in capturing the essential features of Affymetrix microarray data (Li and Wong et al 2001) . The PM-MM model is usually superior to the model with PM alone because of its better control of non biological, systematic variation (Harr and Schlotterer 2006) . It is clear that Method 1 is conservative in its predictability of the number of genes containing SFPs in comparison to Method 2 but it is also clear that the method is much more efficient in avoiding identifying GEMs as expected from its design.
Method 1 developed in the present study was compared to only two of the approaches available in the current literature. Method 3, originally developed by Winzeler et al (1998) , was the first attempt to screen for SFP by making use of high-density oligonucleotide arrays.
It is appropriate for SFP predication only from genomic DNA microarray data. With DNA microarray data, one can expect uniformity in amount of DNA molecules hybridized onto a microarray chip across all genes. The method was chosen for comparison here because it provides a direct assessment of the added difficulties and bias in modelling expression microarray data. Analytically quite similar to Method 1, Method 2 (Ronald et al, 2005) was the first designed to predict SFP from RNA microarray data but it did not incorporate sufficiently effective analytical mechanisms to account for possible large variation in abundance of transcripts among different genes. We addressed this problem and made significant improvements to overcome it.
There have been several recently appearing reports on developing statistical methods for SFP prediction from RNA microarray data. Cui et al (2005) considered a different design of microarray experiment for identification of SFP between different inbred genotypes. Their analysis was designed for the circumstance where each of the inbred genotypes was repeated several times in the microarray experiment. Although their analysis was also based on estimate of probe affinity effect from a simple additive linear model of log-scaled perfect match signals, a question remains whether the probe affinity parameter is estimated with a comparable adequacy to that from the multiplicative regression analysis that combines information from both perfect and mismatch signals as in the present study. Li and Wong (2001) demonstrates that the additive model shows a systematic pattern indicating lack of fit whereas the multiplicative model is able to capture essential pattern of variation in observed hybridization signals across different probes of a probe set surrogating a gene. West et al (2006) as proxy for the probe effect estimates. When expression profiling is repeated for the offspring as for parental lines, the probe binding affinity parameters can be directly estimated and used in the next clustering analysis. We anticipate this will improve performance of the method developed in the present study.
We have shown that it is easily possible to use the information from Affymetrix expression arrays to accurately identify over 4000 robust polymorphic molecular genetic markers. These SFPs represent ~18% of the total barley genes on the chip and we show how they can be used to predict the genotypes in an F 1 -derived, doubled-haploid population. We have produced threshold criteria which guarantee a genotyping accuracy of these SFPs in such a population of at least 98% with 99% of genotypes being predicted. We also show how these rates decline with less stringent thresholds so that users can choose a suitable one for their particular situation. The approach is robust and works with transcripts derived from different tissues, although the number of identified SFPs is partly correlated with the number of genes active in a particular tissue, as would be expected. The ≤ 2% genotyping errors largely result in double recombinants around a SFP in a single haplotype during genetic mapping and so can be easily identified and replaced as missing data points.
These SFPs have been shown to be highly represented among SNP containing genes and in chip features for which the parent strains differ in sequence. They result in maps and chromosomal haplotypes that are coincident with those produced with the current 'gold standard' SNP markers. Using the high stringency threshold of P≤10 -18 , approximately 95%
of SFPs co-segregate in the DH population with SNP markers in the same gene while a further ~5% are the result of polymorphism elsewhere in the genome. The latter could be due to duplicate genes, chance sequence alignments with RNA from elsewhere, or they may be the product of polymorphic trans-acting regulators. Predictably, these latter SFPs show no relation to the presence of parental polymorphism in the sequence represented by the probe feature. When we try to map the 10 SFPs from Methods 1 through 3 that do not match the SNP genotypes we find that all except one easily map elsewhere on the genome.
Significantly, 2 of them map to the precise position occupied by the SNP identified in a different mapping population, Oregon/Wolfe, (Contig54187/10 and 7811/7) and hence could indicate duplicate genes. Of the 9 poorly fitting SFPs identified by Method 4, 7 are in genes that map well to other locations. Five of these 9 were also detected by Methods 1-3 including one that failed to map to any chromosome and the two above found in Oregon/Wolfe.
Of the 95% of SFPs that map to the same location as the SNP, ~36% match a feature known to have a sequence polymorphism as opposed to the 4% expected by chance alone. These probably represent true SFPs in the structural genes. The remaining ~64% occur in the absence of sequence polymorphism in any of the identified features and thus are probably
GEMs. The 5% of SFPs that don't map to the known position of the gene clearly are part of these, leaving ~59% which must be polymorphic in regions so close to the genes as to be cosegregating; probably cis-acting expression regulators. This suggests that over all predicted SFPs, ~36% are true SFPs, ~59% are cis-acting expression regulators and ~5% trans-acting regulators or duplicate genes. It also appears that the number of transacting genes identified reduced as our detection stringency increased. Such an effect was recently reported in two tissues in rats, where generally the cis eQTLs detected had much greater LOD scores than the trans-acting eQTLs (Yamashita et al 2005) .
The causes of the polymorphism are not important if one simply wants to generate robust genetic markers which are useful both for high density mapping or to provide additional markers in species such as wheat and some Solanaceae where polymorphism is low. All methods are accurately detecting true polymorphisms. However, great caution should be exercised in assuming that the polymorphism is independent of overall expression or indeed due to sequence differences in the gene itself given that ~64% of SFPs do not coincide with polymorphic features in the target genes, irrespective of the method used. This is also a concern for eQTL analysis because features containing SFPs should be removed in order to avoid autocorrelation.
The ability to genotype a population, whilst simultaneously measuring gene expression, is extremely valuable, particularly in an agricultural context where mislabelling and other quality assurance issues can easily occur. They can confirm the identity of the individual source material because the SFP genotype can be checked against previously obtained SNP genotypes. Thus they provide a simple 'fingerprinting' method which can also be used for IP issues or distinctiveness diagnostics. We were able to use this feature to unambiguously identify and remove data from 5 of the original 35 DH lines which had been wrongly labelled at some stage prior to our receiving the expression data.
Using a species-designed chip, the SFP approach can be used to map and carry out genetical genomics and eQTL analysis on any novel population, even though a previous map is unavailable. The identity of individual chromosomes may be determined through SFP synteny in crosses with chromosomal anchor markers. It could be used, for example, to explore novel populations produced from wide crosses among Arabidopsis accessions using a generic Arabidopsis chip.
Obviously this same approach can be, and has been (West et al 2006) , applied to RILs, and there should be no major difficulty in extending the basic principles of SFP prediction to heterozygous populations such as F 2 s, given the evidence that differential expression for most genes is indeed consistent with Mendelian inheritance (Knight 2004) . Providing there is expression data from the F 1 , the candidates for SFP can be screened in the same way as in this paper and prediction of individual SFP genotypes in the segregating F 2 population could be treated as a mixed population model. However the power may be low compared to DHs or RILs because the contrasts between the 3 sub-population means are decreased and the expression based markers may well be dominant. Genes as % of max (518) 36% 39% 29% 53% 50% 45% 1H  2H  3H  4H  5H  6H  7H 
